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Alternative splicing (AS) is a regulatory mechanism of gene expression that enables one 28 gene to generate multiple mRNA isoforms that may have different functions or properties. RNA-29 seq analyses of the whole transcriptome have revealed the high prevalence of AS in many 30 organisms (human and mouse: 90%, drosophila: 60%) [1, 2] . AS has been shown to contribute 31 to cell differentiation, tissue identity and organ development [2] . The expression of a specific 32 isoform is often necessary to maintain tissue identity and function, while selection between 33 alternative isoforms drives tissue development and cell differentiation [3] . Understanding the 34 regulation of developmental processes requires the investigation of AS events across different 35 tissues during development. A number of studies aimed at revealing the importance of AS during 36 development find that AS and specific isoform expression is frequent during early mouse 37 embryonic development [4] [5] [6] . In addition, many alternatively spliced isoforms show a dramatic 38 change in relative expression levels during embryonic to adult development in C.elegans [7] .
39
Studies targeted at the underlying mechanism of AS regulation have largely identified which splice 40 motifs interact with the splicing machinery to facilitate and regulate splicing. Several AS regulators 41 that are critical to tissue development have been identified, such as CELF1 in heart development 42 [8], ELAVL, PTBP1 and NOVA1/2 in brain development [9] [10] [11] and ESRP1 in liver development 43 [12]. However, as these elements are not sufficient to explain all aspects of AS regulation, 44 including specific gene targeting, additional regulatory mechanisms must exist to direct the 45 selection of alternatively spliced isoforms [13] . 46 In addition to specific gene sequences that specify transcriptional and splicing motifs, were differentially enriched with respect to skipped exon category.
91
We further derived a computational model for predicting skipped exon category using hPTM 92 signal in the exon flanking regions. We found that hPTMs can accurately predict skipped exon 93 category in both developmental gain/loss and isoform selected high/low groups, indicating the 94 potential link between hPTM and skipped exon selection. Our finding indicates that specific 95 histone modifications, H3K36me3 and H3K4me1, play a dominant role in skipped exon selection 96 among all the tissues and developmental time points examined. Furthermore, the contribution of 97 some hPTMs was tissue-specific. In brain tissues and heart, H3K9ac had a relatively higher 98 predictive rank, while in limb, neural tube and liver, the effect of H3K27me3 was higher. We also 99 identified interactions of two or more hPTMs that highly predict AS. For example, the interaction 100 between H3K36me3 and H3K4me1 in the exon flanking region was the top feature in both skipped Table 2 ).
120
We also observed that the number of developmentally associated alternative splicing events Figure 1 ). In brain, neural tube and limb, there were more developmental gain 127 events after E12.5, while in heart and liver, the number of developmental loss events was slightly 128 higher at most time points (Supplemental Table 2 ). Tissue-specific alternative splicing plays Figure 1) . In addition, we found 134 most of the lineage-specific events occurred in the early time point, which account for ~50% of 135 those events among all tissues. Brain tissues showed a significant decrease of lineage-specific 136 events at later time points when compared to liver, limb and heart (Supplemental Figure 1) . This 137 finding underscores the relevance of alternative splicing to lineage-specific gene expression.
138
In addition to developmentally associated skipped exons, we also observed another category Table 1 shows the accuracy values of two models for 7 tissues at different developmental 222 time points. In general, random forest showed better performance than logistic regression in all 223 tissues and time points, which was consistent with a recent study that compared the performance splice site upstream were informative to differentiate skipped exon groups.
286
We next compared the same tissue at different developmental time points, and similarly found 
303
These results confirmed our hypothesis that specific types of hPTMs associate with skipped exon Using iterative random forest model, we identified interactions between several hPTMs that 385 associated with skipped exon selection, including interactions between modifications on different 386 amino acids (e.g. H3K36me3 and H3K4me1), between different kinds of modifications (e.g.
387
22
H3K4me1 and H3K9ac), and between the different genic regions of the same histone modification.
388
The interaction between H3K36me3 and H3K4me1 in the exon flanking regions was the top regions were calculated and considered as explanatory features for different types of hPTMs.
490
To demonstrate a predictive association between ChIP-seq signal and skipped exon groups,
491
we constructed binary classification models. We chose two different models: logistic regression were then calculated.
507
To generate statistical robustness, for each training set, the model was further tuned by a 508 grid of parameters based on internal 3-fold cross validation. The model with the lowest error rate 509 was then selected. For logistic regression, in order to achieve better performance, LASSO was 510 applied to reduce the dimension of feature space, because when the feature space is large, the 511 ordinary least square estimates generated by logistic regression may lead to large variance for 512 the estimates, which will reduce the accuracy of prediction. We estimated the LASSO parameter 
